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Le «Al boom»
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|A: vers un nouvel paradigme en chimie

TMS2019: « Computational

Approaches for Big Data, Artificial

Intelligence, machine learning »
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Disciplines privilégiées en 2020 [T avsscanstioene

Index Report 2021

GLOBAL PRIVATE INVESTMENT in Al by FOCUS AREA, 2019 vs 2020

Source: CaplQ, Crunchbase, and NetBase Quid, 2020 | Chart: 2021 Al Index Report
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Découverte de nouvelles molécules

- Représentation textuelle SMILE
- Algorithmes dédiés au texte (NPL, GPT)
- Théorie des graphes
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Du Materials Genome Initiative au Machine Learning

To help businesses discover, develop, and
deploy new materials twice as fast, we're
launching what we call the Materials

Genome Initiative. The invention of
silicon circuits and lithium-ion batteries
made computers and iPods and iPads
possible —- but it took years to get those
technologies from the drawing board to the
marketplace. We can do it faster.

Conventional Machine Learning Approaches

Feature engineering

and selection by Machine Learning
incorporating domain (Random Forest, SVM,
knowledge Kernel Regression)

(Physical Attributes)
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Exemples d’applications de I'lA en chimie

* Data-mining algorithms
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Exemples d’applications de I'lA en chimie

* Data-mining algorithms

* Optimization algorithms

Genetic algorithm, Evolutionary methods ...

Initial Evaluate new
selection reproduction mutation
population candidates
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Exemples d’applications de I'lA en chimie

* Data-mining algorithms
* Optimization algorithms

* Machine learning algorithms (ML)
- Unsupervised learning (clustering)
- Reinforcement learning
- Supervised learning




Exemples d’applications de I'lA en chimie

(i) Quantitative variable

- Regression algorithms

e Linear, non-linear

Meredig, Wolverton et al.
Phy Rev B (2014)
Combinatorial screening
for new materials in
unconstrained composition
space with machine
learning
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(ii) Qualitative variable

—> Classification algorithms
e Decision tree, random forests

Graser, Sparks et al.
Chem Mater (2018)
Machine Learning and
Energy Minimization
Approaches for Crystal
Structure Predictions: A
Review and New
Horizons
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Global methods

Kim, Saunders, Ceder, Olivetti et al. Chemistry of
materials (2017)

Materials synthesis insights from scientific literature
via text extraction and machine learning
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L'IA : une science interdisciplinaire

Math &
Statistics

Domain
expertise:

eg chemistry
> Création d’un GDR IAMAT =




